The operational monitoring of long-term hydrological droughts is often based on the standardised precipitation index (SPI) for long accumulation periods (i.e., 12 months or longer) as a proxy indicator. This is mainly due to the current lack of near-real-time observations of relevant hydrological quantities, such as groundwater levels or total water storage (TWS). In this study, the correlation between multiple-timescale SPIs (between 1 and 48 months) and GRACE-derived TWS is investigated, with the goals of: (i) evaluating the benefit of including TWS data in a drought monitoring system, and (ii) testing the potential use of SPI as a robust proxy for TWS in the absence of near-real-time measurements of the latter. The main outcomes of this study highlight the good correlation between TWS anomalies (TWSA) and long-term SPI (12, 24 and 48 months), with SPI-12 representing a global-average optimal solution (R = 0.350 ± 0.250). Unfortunately, the spatial variability of the local-optimal SPI underlines the difficulty in reliably capturing the dynamics of TWSA using a single meteorological drought index, at least at the global scale. On the contrary, over a limited area, such as Europe, the SPI-12 is able to capture most of the key traits of TWSA that are relevant for drought studies, including the occurrence of dry extreme values. In the absence of actual TWS observations, the SPI-12 seems to represent a good proxy of long-term hydrological drought over Europe, whereas the wide range of meteorological conditions and complex hydrological processes involved in the transformation of precipitation into TWS seems to limit the possibility of extending this result to the global scale.
Introduction
The last few decades have seen an increasing awareness of the worldwide socioeconomic repercussions of droughts [1] , with annual average economic losses quantified at $6-8 billion for the United States [2] , and about €3-6 billion for the European Union [3] . Numerous studies have highlighted the prominent role of drought among natural hazards (e.g., Bryant [4] ) and much effort has been put into promoting a transition in the paradigm adopted to face drought from a reactive to a proactive approach (e.g., References [5] [6] [7] ). Within this context, the development of an effective drought early warning and monitoring system (DEWS) represents one of the key pillars for a successful integrated drought management system [5] .
Over Europe, the Joint Research Centre (JRC) of the European Commission has established the European Drought Observatory (EDO, http://edo.jrc.ec.europa.eu), which aims at capturing the spatio-temporal evolution of droughts, with special regard paid to trans-boundary events. Given the creeping nature of drought phenomena, as well as the large array of socio-economic and environment sectors that can be affected by droughts, a variety of indicators have been adopted in EDO to fully Both local and global studies have highlighted the strong connection between TWS anomalies and rainfall data, suggesting that more classical meteorological drought indices (i.e., SPI) accumulated over long periods can be used as proxies of long-term hydrological drought in the absence of groundwater measurements [36, 37] . This approach is supported by the assumption that groundwater responds to precipitation over long temporal scales. However, even if some studies have found a good correlation between regional-average groundwater time series and long-term precipitation [38] , the optimal accumulation period for precipitation seems to vary considerably in space, depending on the area of interest (see References [30, 39, 40] ).
Nevertheless, the relationship between SPI at different temporal aggregation scales and GRACE TWS anomalies can be exploited to better understand the propagation of drought through the hydrological cycle, as schematised in Changnon Jr. [41] , as well as to identify possible spatially coherent patterns in such a relationship. Within the framework of the potential use of upcoming GRACE-FO data for drought monitoring, understanding the connection between the basic meteorological drought indices and the already available GRACE products can be helpful for future evaluations of the reliability of the new dataset and its consistency with the time series provided by its predecessor.
Following these considerations, the main goal of this study was to analyse the relationship between the SPI dataset currently used in the operational monitoring of meteorological drought in EDO and GDO and the monthly standardised anomalies derived from the GRACE TWS, with the former aggregated at different timescales ranging from 1 to 48 months, and by considering different time lags (up to 3 months). The focus of this analysis was twofold: (i) to understand the actual value of GRACE products as a tool for long-term drought monitoring under the hypothesis that TWS is a good proxy of groundwater storage, and its potential role in both continental and global scale drought monitoring systems, where the coarse spatial detail of TWS data is not a strong limitation; and (ii) to investigate the spatial consistency of the SPI-TWS relationship, with the aim to evaluate the use of SPI as a proxy for TWS in the absence of GRACE-derived or other TWS datasets.
In view of the forthcoming release of GRACE-FO TWS products, the outcomes of these analyses can also be used as a benchmark for evaluating the future integration of GRACE-FO into the EDO and GDO monitoring systems.
Materials and Methods

GRACE Terrestrial Water Storage Anomalies
The Gravity Recovery and Climate Experiment (GRACE) mission was launched in March 2002 with the goal to measure variations in the terrestrial gravity field [15] . The GRACE mission consisted of a pair of identical satellites, both orbiting at an altitude of about 450-500 km and around 200 km apart. Precise variations in the distance between the two satellites were measured by means of a microwave ranging system, and successively converted into temporal variations in Earth's gravity field.
For land hydrological applications, the terrestrial water storage (TWS) change is derived from the surface mass change after removing the atmospheric and oceanic contributions, which are better constrained and easier to reconstruct [42] . This land product is derived from a gravity field composed of a set of spherical harmonic coefficients (up to a maximum order/degree of 60) after a series of post-processing procedures (see Landerer and Swenson [43] for details), which include smoothing [44] , destriping [45] and glacial isostatic adjustment [46] . In addition, grid-based scaling is introduced in order to restore the signal amplitude lost due to the application of smoothing and destriping filters [47] , and TWS data are finally reported not as absolute values, but as deviations from the long-term 2004-2009 mean value.
This study used the TWS product (version RL05) produced by the Center for Space Research (CSR) at the University of Texas at Austin, as scaled by the NASA Jet Propulsion Laboratory (JPL) (available at: https://grace.jpl.nasa.gov/data/get-data/monthly-mass-grids-land/). These data are aggregated monthly at a 1 • spatial resolution and available from April 2002 to January 2017. It should be noted that since early 2011, the GRACE instruments were periodically turned off due to active battery management, causing some missing monthly data. Additionally, even if the nominal spatial resolution of the product is 1 • , neighbouring cells are not completely independent since spatial smoothing is applied.
In order to analyse the role of GRACE products in drought applications, monthly TWS anomalies (TWSA) were derived from the original dataset, using the period 2002-2016 for the computation of the baseline climatology monthly statistics, as:
where the subscripts i and j represent the month (from 1 to 12) and the year, respectively, and the baseline average (µ i ) and standard deviation (σ i ) for a given month are computed only if at least 10 years of monthly data were available in the baseline.
GDO Multiple-Timescale SPI
The standardized precipitation index (SPI), first introduced by McKee et al. [48] , is the most commonly used meteorological drought indicator, thanks to its flexibility and ease of use [49] . The SPI standardises the deviation of precipitation at different accumulation periods (commonly between 1 and 48 months) at a particular location with the long-term climatological conditions for the same period. Even if SPI is generally used to monitor the occurrence of meteorological droughts, medium-(e.g., 3-6 months) and long-(e.g., 12-24 months) term accumulation periods are often used as proxies for agricultural and hydrological droughts.
Following the guidelines reported by the World Meteorological Organization [49] to regulate the SPI computation, the period 1981-2010 is used in the GDO as the baseline for the fitting of a gamma distribution on the non-zero rainfall data, according to the maximum likelihood method [50] . GDO SPI maps at 1 • are derived from monthly precipitation data provided by the Global Precipitation Climatology Centre (GPCC-http://gpcc.dwd.de/). Specifically, a "first guess" product is used for the two months prior to the current month, whereas the consolidated "monitoring" product is used for the antecedent months.
Several SPI accumulation periods are available from EDO and GDO, with SPI-1, 3, 6, 9, 12, 24 and 48 months used in this study, including only the "monitoring" dataset available between 2002 and 2016, which is the period overlapping with the GRACE dataset. Due to the well-known underestimation of dry SPI values over areas and periods characterised by frequent zero rainfall months [51] , the areas with average year-total rainfall lower than 100 mm were masked, which mostly include the Sahara, Arabian and Gobi deserts. Additionally, due to the lack of rainfall measurements and liquid precipitation, Greenland was masked out from the analysis.
Evaluation Strategy
Even if SPI has been used as a proxy for hydrological droughts, the actual relationship between SPI and TWSA is likely related to various local factors that control the response of aquifers to precipitation, including catchments and geological characteristics [52] . Correlation between SPI at different temporal aggregation and TWSA is evaluated through the Pearson correlation coefficient, R, which allows the identification of the SPI-n (n = 1, 3, 6, 9, 12, 24, 48) with the highest R value for each 1 • cell. Given the standardised nature of both SPI and TWSA, R can be considered a good metric of the agreement between the datasets. In addition, a temporal delay can be expected in the response of TWS to rainfall deficits, especially for short aggregation periods; for this reason, a lagged correlation analysis was also performed between SPI-n and TWSA with delays of up to 3 months.
According to the global-average R value for each SPI-n versus TWSA pair, a global-optimal SPI can be identified as the SPI that best explains on average the variations in TWSA (i.e., highest global-average R). The difference between local-optimal SPI and global-optimal SPI can be computed at each cell, and the statistical significance of this difference can be evaluated according to Steiger [53] , based on the Fisher z-transformation of the R values. This test allows to identify the cells where the global-optimal SPI is not a suitable substitute of the local-optimal one.
In addition to random errors, quantified using R, standardised quantities may display systematic discrepancies if different baseline periods are used, as in the case of SPI (1981-2010) and TWSA (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) (2016) . Those biases can be quantified by means of a linear transformation procedure that matches the long-term average and standard deviation of SPI-n in the period 2002-2016 to the ones of TWSA for the same period (which, by definition, are equal to 0 and 1, respectively, due to the standardisation) [54] . Those systematic differences are removed from the analysis since they are unrelated to the stochastic nature of droughts, but only due to the difference in the adopted baselines.
While correlation analysis gives an overall estimation of the agreement between two standardised datasets, a special focus on extreme values can be relevant for drought studies. In this case, we subdivided both SPI and TWSA values into seven classes, following McKee et al. [48] : a near-normal class (−1 < SPI < 1), three drier than normal (−1.5 < SPI ≤ −1, −2 < SPI ≤ −1.5 and SPI ≤ −2) and three wetter than normal (1 ≤ SPI < 1.5, 1.5 ≤ SPI < 2 and SPI ≥ 2) classes. This categorisation allows for a direct comparison of the frequency distribution of the values in these seven classes for the two datasets.
Results and Discussion
The global-scale correlation between both TWS and TWSA against multiple-timescale SPIs was first investigated, with the aim to detect relevant spatial patterns and optimal sets of SPI. This analysis is followed by an in-depth analysis of the results over Europe, with the goal being to test the possibility of adopting a single SPI dataset as a proxy of TWSA over the region.
Global Correlation Analysis
A total of 14 correlation analyses were performed by pairing the seven SPIs at different accumulation periods with both TWS and TWSA. The global-average R values are reported in the plot in Figure 1 as a synthetic descriptor of the overall relationship between the set of SPI datasets and the two GRACE-derived indices. long-term average and standard deviation of SPI-n in the period 2002-2016 to the ones of TWSA for the same period (which, by definition, are equal to 0 and 1, respectively, due to the standardisation) [54] . Those systematic differences are removed from the analysis since they are unrelated to the stochastic nature of droughts, but only due to the difference in the adopted baselines. While correlation analysis gives an overall estimation of the agreement between two standardised datasets, a special focus on extreme values can be relevant for drought studies. In this case, we subdivided both SPI and TWSA values into seven classes, following McKee et al. [48] : a near-normal class (−1 < SPI < 1), three drier than normal (−1.5 < SPI ≤ −1, −2 < SPI ≤ −1.5 and SPI ≤ −2) and three wetter than normal (1 ≤ SPI < 1.5, 1.5 ≤ SPI < 2 and SPI ≥ 2) classes. This categorisation allows for a direct comparison of the frequency distribution of the values in these seven classes for the two datasets.
Results and Discussion
Global Correlation Analysis
A total of 14 correlation analyses were performed by pairing the seven SPIs at different accumulation periods with both TWS and TWSA. The global-average R values are reported in the plot in Figure 1 as a synthetic descriptor of the overall relationship between the set of SPI datasets and the two GRACE-derived indices. The results reported in Figure 1 show how the global-average correlation between SPI and TWSA was always higher (on average) compared to TWS, with a larger improvement for the highest average R values. Overall, the global-average R values for both TWS and TWSA displayed a similar behaviour, with a concave shape and a peak at SPI-12. While SPI-12 and SPI-9 performed relatively close to each other, the improvement over SPI-48, SPI-1 and SPI-3 was rather clear.
Given the definition of TWS, which includes slowly-responding hydrological variables, such as groundwater, the good correlation with longer accumulation period indices (i.e., SPI-12) was expected, confirming the anticipated possibility of using a GRACE-derived TWSA as a proxy for long-term hydrological droughts. Additionally, the improved results obtained by contrasting SPI The results reported in Figure 1 show how the global-average correlation between SPI and TWSA was always higher (on average) compared to TWS, with a larger improvement for the highest average R values. Overall, the global-average R values for both TWS and TWSA displayed a similar behaviour, with a concave shape and a peak at SPI-12. While SPI-12 and SPI-9 performed relatively close to each other, the improvement over SPI-48, SPI-1 and SPI-3 was rather clear.
Given the definition of TWS, which includes slowly-responding hydrological variables, such as groundwater, the good correlation with longer accumulation period indices (i.e., SPI-12) was expected, confirming the anticipated possibility of using a GRACE-derived TWSA as a proxy for long-term hydrological droughts. Additionally, the improved results obtained by contrasting SPI with TWSA, compared to TWS, confirm the need for standardising the TWS data (see Equation (1)) in order to obtain an indicator that is comparable with SPIs. Based on this latter consideration, the successive analyses are focused on the TWSA dataset only, as the better proxy of droughts compared to the simple TWS.
Following the analogy between TWSA and long-term hydrological drought, a temporal delay may be expected in the response of TWSA to SPIs. For this reason, a temporal lag of up to 3 months was introduced into the correlation analysis, highlighting how a slight improvement can be obtained for short-accumulation periods (SPI-1 and partially SPI-3, see Figure 2 ), whereas no improvements were achieved for longer accumulation periods. The results depicted in Figure 2 show how the increase in R was more marked for SPI-1 than for SPI-3, with an increase in correlation for both indices in the case of a one-month time lag. However, in both cases, the maximum R value never reached the ones obtained for SPI-9 and SPI-12 without a time lag ( Figure 1 ). This behaviour can be explained by the time needed for slow-responding variables (i.e., groundwater) to react to the short-term variations in precipitation captured by SPI-1 and SPI-3, whereas the long-term SPIs already intrinsically account for this delay through accumulating the rainfall over a long antecedent time window. Following the analogy between TWSA and long-term hydrological drought, a temporal delay may be expected in the response of TWSA to SPIs. For this reason, a temporal lag of up to 3 months was introduced into the correlation analysis, highlighting how a slight improvement can be obtained for short-accumulation periods (SPI-1 and partially SPI-3, see Figure 2 ), whereas no improvements were achieved for longer accumulation periods. The results depicted in Figure 2 show how the increase in R was more marked for SPI-1 than for SPI-3, with an increase in correlation for both indices in the case of a one-month time lag. However, in both cases, the maximum R value never reached the ones obtained for SPI-9 and SPI-12 without a time lag ( Figure 1 ). This behaviour can be explained by the time needed for slow-responding variables (i.e., groundwater) to react to the short-term variations in precipitation captured by SPI-1 and SPI-3, whereas the long-term SPIs already intrinsically account for this delay through accumulating the rainfall over a long antecedent time window. Even if SPI-12 had the highest global-average R value (0.350 ± 0.250), different optimal accumulation periods can be defined locally for each cell in order to optimize the overall average R.
The map in Figure 3 shows the spatial distribution of the maximum R value for each cell, without accounting for lag, obviously returning an overall global-average R higher than the one for SPI-12 (0.445 ± 0.224). In addition, the map in Figure 4 depicts the spatial distribution of the local-optimal SPI accumulation period, corresponding to the maximum R represented in Figure 3 . Even if SPI-12 had the highest global-average R value (0.350 ± 0.250), different optimal accumulation periods can be defined locally for each cell in order to optimize the overall average R. The map in Figure 3 shows the spatial distribution of the maximum R value for each cell, without accounting for lag, obviously returning an overall global-average R higher than the one for SPI-12 (0.445 ± 0.224). In addition, the map in Figure 4 depicts the spatial distribution of the local-optimal SPI accumulation period, corresponding to the maximum R represented in Figure 3 .
The map in Figure 3 highlights how even the maximum R value among the seven values derived from the SPI-TWSA correlation analyses were not significant (or even negative) over some areas (red and light-yellow cells, about 10% of the spatial domain), including most notably over eastern Canada, western and central Africa, Afghanistan and part of south-east Asia. This suggests that none of the SPI datasets available in GDO appeared to capture the TWSA dynamics over these specific regions. The majority of the areas with a maximum R < 0.12 had the highest correlation for short-term SPIs (1 or 3, see Figure 4 ), a result that is further corroborated by the average R values for each optimal SPI class, as reported in Figure 5a . The cells where SPI-1/SPI-3 were the optimal were those with a very low average R, whereas the average R for all the other SPIs was quite similar, suggesting that an optimal correlation between 0.4 and 0.5 could be achieved on average if the correct SPI was used.
Even if SPI-12 had the highest global-average R value (0.350 ± 0.250), different optimal accumulation periods can be defined locally for each cell in order to optimize the overall average R. The map in Figure 3 shows the spatial distribution of the maximum R value for each cell, without accounting for lag, obviously returning an overall global-average R higher than the one for SPI-12 (0.445 ± 0.224). In addition, the map in Figure 4 depicts the spatial distribution of the local-optimal SPI accumulation period, corresponding to the maximum R represented in Figure 3 . The map in Figure 3 highlights how even the maximum R value among the seven values derived from the SPI-TWSA correlation analyses were not significant (or even negative) over some areas (red and light-yellow cells, about 10% of the spatial domain), including most notably over eastern Canada, western and central Africa, Afghanistan and part of south-east Asia. This suggests that none of the SPI datasets available in GDO appeared to capture the TWSA dynamics over these specific regions. The majority of the areas with a maximum R < 0.12 had the highest correlation for short-term SPIs (1 or 3, see Figure 4 ), a result that is further corroborated by the average R values for each optimal SPI class, as reported in Figure 5a . The cells where SPI-1/SPI-3 were the optimal were those with a very low average R, whereas the average R for all the other SPIs was quite similar, suggesting that an optimal correlation between 0.4 and 0.5 could be achieved on average if the correct SPI was used.
The map in Figure 4 shows that even if SPI-12 had the highest global-average R value (see Figure  1 ), this solution was not the optimal one over the majority of the cells, being the outcome only for about 20% of the cases, as shown in Figure 5b . Overall, SPI-48 had the highest share of cells where it represented the optimal solution (close to 25%), but it was clear that none of the indices from SPI-12 to 48 were able to clearly outperform the others consistently. The map in Figure 3 highlights how even the maximum R value among the seven values derived from the SPI-TWSA correlation analyses were not significant (or even negative) over some areas (red and light-yellow cells, about 10% of the spatial domain), including most notably over eastern Canada, western and central Africa, Afghanistan and part of south-east Asia. This suggests that none of the SPI datasets available in GDO appeared to capture the TWSA dynamics over these specific regions. The majority of the areas with a maximum R < 0.12 had the highest correlation for short-term SPIs (1 or 3, see Figure 4 ), a result that is further corroborated by the average R values for each optimal SPI class, as reported in Figure 5a . The cells where SPI-1/SPI-3 were the optimal were those with a very low average R, whereas the average R for all the other SPIs was quite similar, suggesting that an optimal correlation between 0.4 and 0.5 could be achieved on average if the correct SPI was used.
The map in Figure 4 shows that even if SPI-12 had the highest global-average R value (see Figure  1 ), this solution was not the optimal one over the majority of the cells, being the outcome only for about 20% of the cases, as shown in Figure 5b . Overall, SPI-48 had the highest share of cells where it represented the optimal solution (close to 25%), but it was clear that none of the indices from SPI-12 to 48 were able to clearly outperform the others consistently. The map in Figure 4 shows that even if SPI-12 had the highest global-average R value (see Figure 1 ), this solution was not the optimal one over the majority of the cells, being the outcome only for about 20% of the cases, as shown in Figure 5b . Overall, SPI-48 had the highest share of cells where it represented the optimal solution (close to 25%), but it was clear that none of the indices from SPI-12 to 48 were able to clearly outperform the others consistently.
Overall, a visual comparison between the spatial distribution of the optimal SPI depicted in Figure 4 and commonly available global datasets of groundwater characteristics, such as the maps provided by the World-wide Hydrological Mapping and Assessment Programme (WHYMAP, https://www.whymap.org/), did not suggest any clear relationship. Given the complex nature of TWS, which summarises numerous hydrological quantities and complex interactions, it is not surprising that a combination of several factors may be needed to explain its spatio-temporal dynamics. However, since about 2/3 of the globe has an optimal correlation with SPI-12 to SPI-48, it seems possible to generally conclude that TWSA successfully summarises those long-term droughts that are often underrepresented in global monitoring tools.
Use of a Single SPI as a Proxy for TWSA
On the one hand, the results depicted in Figures 3 and 4 highlight the large spatial variability in the optimal SPI dataset that best describes the dynamics of GRACE-derived TWSA (i.e., local-optimal). On the other hand, according to the global-average results synthesised in Figure 1 , SPI-12 seems the overall best option (i.e., global-optimal) to capture TWSA if only a single indicator can be used. To investigate the extent to which SPI-12 can be used as a proxy of TWSA globally, the map in Figure 6 (main panel) represents the spatial distribution of R values between SPI-12 and TWSA, with the strip-filling highlighting the cells where there was a statistically significant (p ≤ 0.05) difference between this value and the local-optimal one depicted in Figure 3 . Overall, a visual comparison between the spatial distribution of the optimal SPI depicted in Figure 4 and commonly available global datasets of groundwater characteristics, such as the maps provided by the World-wide Hydrological Mapping and Assessment Programme (WHYMAP, https://www.whymap.org/), did not suggest any clear relationship. Given the complex nature of TWS, which summarises numerous hydrological quantities and complex interactions, it is not surprising that a combination of several factors may be needed to explain its spatio-temporal dynamics. However, since about 2/3 of the globe has an optimal correlation with SPI-12 to SPI-48, it seems possible to generally conclude that TWSA successfully summarises those long-term droughts that are often underrepresented in global monitoring tools.
On the one hand, the results depicted in Figures 3 and 4 highlight the large spatial variability in the optimal SPI dataset that best describes the dynamics of GRACE-derived TWSA (i.e., localoptimal). On the other hand, according to the global-average results synthesised in Figure 1 , SPI-12 seems the overall best option (i.e., global-optimal) to capture TWSA if only a single indicator can be used. To investigate the extent to which SPI-12 can be used as a proxy of TWSA globally, the map in Figure 6 (main panel) represents the spatial distribution of R values between SPI-12 and TWSA, with the strip-filling highlighting the cells where there was a statistically significant (p ≤ 0.05) difference between this value and the local-optimal one depicted in Figure 3 .
Compared to Figure 3 , the map in Figure 6 shows both an increase in the frequency of cells with R < 0.12 (red and light-yellow), as well as some clear spatial patterns of the stripped cells, such as over the Middle East, Australia, southern-central Africa and southern Latin America. Overall, about 20% of the domain had a statistically significant difference between the local and the global optimal R values, even if it was possible to detect large areas with a minimal impact. In particular, over Europe, most of the region showed no significant difference (see Figure 6 , lower-left corner), with the only notable exception over Ukraine. On average, Europe had a low number of cells with R < 0.12 (<10%, see Figure 6 lower-right panel), mostly located over Scotland and the northernmost coast of Scandinavia, and an average R (0.42 ± 0.20) greater than the global one. Figure 3 , the map in Figure 6 shows both an increase in the frequency of cells with R < 0.12 (red and light-yellow), as well as some clear spatial patterns of the stripped cells, such as over the Middle East, Australia, southern-central Africa and southern Latin America. Overall, about 20% of the domain had a statistically significant difference between the local and the global optimal R values, even if it was possible to detect large areas with a minimal impact. In particular, over Europe, most of the region showed no significant difference (see Figure 6 , lower-left corner), with the only notable exception over Ukraine. On average, Europe had a low number of cells with R < 0.12 (<10%, see Figure 6 lower-right panel), mostly located over Scotland and the northernmost coast of Scandinavia, and an average R (0.42 ± 0.20) greater than the global one.
Compared to
These results seem to confirm that the TWSA data represent a large variety of hydrological conditions that could not be successfully captured globally by a single SPI indicator, further supporting the need to incorporate TWS information in global monitoring systems. However, it also suggests that over specific regions, such as Europe, a single SPI (i.e., SPI-12) can be a good proxy of TWS anomalies (where SPI-12 performs similarly to the local-optimal SPI in more than 90% of the cases). This last outcome advocates the possibility of using SPI-12 over Europe as a good proxy of TWSA in the absence of an available dataset in near-real-time for continental-scale, long-term drought monitoring.
Analysis of Extreme TWSA Values over Europe
Following the results obtained from the correlation analysis over Europe using SPI-12, an in-depth test focusing only on extreme values was performed in order to understand the capability of this index to specifically reproduce the temporal dynamic of extreme wet and dry conditions as detected by the GRACE-derived TWSA. The plots in Figure 7 show the temporal series of the fraction of cells within each of the seven sub-classes identified in McKee et al. [48] (and outlined in Sub-Section 2.3) for both the TWSA (upper panel) and SPI-12 (lower panel). These results seem to confirm that the TWSA data represent a large variety of hydrological conditions that could not be successfully captured globally by a single SPI indicator, further supporting the need to incorporate TWS information in global monitoring systems. However, it also suggests that over specific regions, such as Europe, a single SPI (i.e., SPI-12) can be a good proxy of TWS anomalies (where SPI-12 performs similarly to the local-optimal SPI in more than 90% of the cases). This last outcome advocates the possibility of using SPI-12 over Europe as a good proxy of TWSA in the absence of an available dataset in near-real-time for continental-scale, long-term drought monitoring.
Following the results obtained from the correlation analysis over Europe using SPI-12, an indepth test focusing only on extreme values was performed in order to understand the capability of this index to specifically reproduce the temporal dynamic of extreme wet and dry conditions as detected by the GRACE-derived TWSA. The plots in Figure 7 show the temporal series of the fraction of cells within each of the seven sub-classes identified in McKee et al. [48] (and outlined in Sub-Section 2.3) for both the TWSA (upper panel) and SPI-12 (lower panel).
These plots show an overall good correspondence between the two datasets, with the major dry periods observed in TWSA in 2003, 2006 and 2012 also reproduced by SPI-12, as well as the major wet periods in 2005 and 2010. The main notable difference between the two time series was in the increasing frequency of dry events captured by TWSA at the end of the observed period in 2016, which was not reproduced by SPI-12. While a possible explanation could be related to the degradation of the GRACE signal right before its decommissioning, this difference was mostly driven by a dry period over Eastern Europe during January-February 2016 that seems to be captured by TWSA but not by SPI-12. It is worth recalling that this was the area where the difference between the local-optimal SPI (SPI-24 and SPI-48) and SPI-12 was statistically significant (see Figure 6 ). These plots show an overall good correspondence between the two datasets, with the major dry periods observed in TWSA in 2003, 2006 and 2012 also reproduced by SPI-12, as well as the major wet periods in 2005 and 2010. The main notable difference between the two time series was in the increasing frequency of dry events captured by TWSA at the end of the observed period in 2016, which was not reproduced by SPI-12. While a possible explanation could be related to the degradation of the GRACE signal right before its decommissioning, this difference was mostly driven by a dry period over Eastern Europe during January-February 2016 that seems to be captured by TWSA but not by SPI-12. It is worth recalling that this was the area where the difference between the local-optimal SPI (SPI-24 and SPI-48) and SPI-12 was statistically significant (see Figure 6 ).
Finally, the data in Figure 8 report a quantitative analysis of the performance on extreme values at year-scale, showing a summary of the total percentage of wet (>1) and dry (<−1) cells for each year according to TWSA and SPI-12. The graph further highlights the overall good agreement between the two datasets in capturing the frequency of both extreme cases, which was particularly true for the dry extremes, for which the SPI-12 seems to reproduce the percentages obtained with the TWSA particularly well (R = 0.70). The only notable exception relevant for drought was represented once again by the dry fraction in the year 2016 (difference > 15%). Finally, the data in Figure 8 report a quantitative analysis of the performance on extreme values at year-scale, showing a summary of the total percentage of wet (>1) and dry (<−1) cells for each year according to TWSA and SPI-12. The graph further highlights the overall good agreement between the two datasets in capturing the frequency of both extreme cases, which was particularly true for the dry extremes, for which the SPI-12 seems to reproduce the percentages obtained with the TWSA particularly well (R = 0.70). The only notable exception relevant for drought was represented once again by the dry fraction in the year 2016 (difference > 15%). 
Summary and Conclusions
Despite the growing availability of local-and continental-scale drought monitoring tools, longterm hydrological droughts remain underrepresented in operational systems, mainly due to the lack of suitable near-real-time datasets, such as groundwater or TWS measurements. While SPI computed over long accumulation periods (i.e., 12 months or longer) is often considered a good proxy for the monitoring of long-term hydrological drought, a comprehensive investigation of the connection between the GRACE-derived TWS and SPI was required to better understand the spatiotemporal traits of such a relationship.
The global-scale analysis performed in this study highlighted the good correlation between the TWS standardised deviation from the climatology (TWSA) and long-term SPI, confirming the potential role of TWSA as a reliable measure of long-term hydrological drought. On average, the SPI-12 showed the highest correlation with TWSA (0.350 ± 0.250), even if a large spatial variability could be observed in the local-optimal SPI. The frequency distribution of the local-optimal SPI values highlighted how SPI-12, SPI-24 and SPI-48 accounted for about 2/3 of the total cells, with a spatial distribution that was characterised by clear patterns, but that could not be easily related to commonly available hydrological characteristics. This complexity in the spatiotemporal response of TWS to variations in precipitation confirmed the value of introducing specific indicators that focus on the monitoring of TWS into operational drought monitoring systems, since a single SPI did not seem to be a reliable proxy of the GRACE-derived TWSA at the global scale.
However, an analysis of the spatial distribution of the correlation coefficients for SPI-12 (i.e., the global-optimal) compared to the local-optimal SPI suggested that over limited areas, such as Europe, 
Despite the growing availability of local-and continental-scale drought monitoring tools, long-term hydrological droughts remain underrepresented in operational systems, mainly due to the lack of suitable near-real-time datasets, such as groundwater or TWS measurements. While SPI computed over long accumulation periods (i.e., 12 months or longer) is often considered a good proxy for the monitoring of long-term hydrological drought, a comprehensive investigation of the connection between the GRACE-derived TWS and SPI was required to better understand the spatiotemporal traits of such a relationship.
However, an analysis of the spatial distribution of the correlation coefficients for SPI-12 (i.e., the global-optimal) compared to the local-optimal SPI suggested that over limited areas, such as Europe, a single indicator can be used to successfully capture most of the TWSA dynamic. In more than 90% of cells in Europe, the difference in the correlation between SPI-12 and the local-optimal SPI was not statistically significant (p > 0.05), with an average correlation over Europe (0.42 ± 0.20) that was comparable with the optimal global-average. A specific analysis focused on extreme values also confirmed the capability of SPI-12 to reproduce the extremes observed using TWSA, which was particularly true for the dry values, which were the major focus of drought monitoring.
Overall, the outcomes of this study confirmed the relevance of TWSA within the framework of long-term drought monitoring, as well as the difficulty in capturing its global scale temporal dynamics by simply using classical meteorological drought indices. In fact, even if there was a clear statistically significant correlation between precipitation anomalies (i.e., SPI) and TWSA, the complexity in the hydrological processes that rule the transfer of rainfall into aquifers could not be globally captured by a simple single index. On the contrary, by focusing the analysis on a limited region, such as Europe, it was possible to achieve an acceptable representation of the TWSA by simply using SPI-12. This result represents a key finding for an operational monitoring system, given the relative simplicity of computing SPI-12 compared to TWSA, and the current lack of near-real-time TWS datasets.
In view of the release of GRACE-FO products, the results of this study can be used as a benchmark to evaluate the effectiveness of this brand-new dataset within the context of drought analyses. The outcome that TWSA correlates with any SPI better than with TWS suggests that long time series of TWS data are needed for drought analysis, hinting at a mandatory integration of GRACE and GRACE-FO data for anomaly computation, which raises the question of possible inconsistencies between the two datasets, as well as of the possible impact of the limited length of data records on the reliability of the derived drought events. In addition, the relationships observed between multiple SPI and GRACE products seem robust enough to be considered as a reference for future analogous analyses on GRACE-FO data, allowing the evaluation of the capability of the new dataset to preserve the correlations with SPI observed for its predecessor.
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